The microbiota of the built environment is an amalgamation of both human and homogenized, potentially confounding our ability to link individuals to their associated microbiota.
Introduction
Numerous recent studies have uncovered the extent to which humans influence the microbial ecology of the spaces they occupy through microbial exchange between skin and the built 23 environment. Most of these studies have focused on home-associated microbial communities (1) (2) (3) , 24 with home size, number of occupants, and building materials differentiated between sampling 25 locations. Each of those confounding factors may have significant impacts on microbial community 26 structure, and they are difficult to disentangle. Other studies have focused instead on the microbial 27 ecology of public spaces, such as classrooms and hospital entrance halls (4) (5) (6) (7) (8) . Although they have 28 been able demonstrate that most of the taxa colonizing those spaces are skin-associated, they are 29 unable to link individual human microbial signatures to their data.
30
Microbial flow in the built environment is a keen topic of interest. Cohabitation of multiple 31 individuals has been shown to influence the microbiota of common spaces, and of the constituents 32 themselves (1, 7, 9) . Common areas may also serve as sites of exchange between individuals, with 33 implications for disease control. Also unclear are how methodological differences in sequence orphaned graphs are mostly samples from one individual. As expected, common surfaces in the hand- 
127
Further, we can also calculate the assortativity of different metadata criteria. Assortativity is a 128 metric used to quantify how often a node attaches to a similar node, with higher assortativity reflecting 129 higher connectivity between similar nodes. As seen in Table 2 , sex and floor have the highest 130 assortativity, while timepoint is the least important. This indicates that floor and sex are more 131 important in generating the graph structure, and implies that the microbial signature of individual 132 surfaces across the sampling period is stable.
133
While a graph can be constructed using a beta-diversity metric (in our case weighted UniFrac 134 distance) as above, the distance metric may not be sensitive to the microbial community of an 135 individual. Since there is information to be gained from aggregating samples into a larger individual 136 signature, we also constructed a graph using random forest proximity. The proximity values from the 137 random forest are akin to a distance, and take into account the same signature used to classify (Figure 5c ), showed the ability to cluster freely with other samples.
159

Discussion
The use of human microbial signatures as trace evidence remains a young and inexact science.
160
In order for this developing field to become a useful forensic tool, methods will need to be optimized 161 and the myriad factors which influence our microbial interaction with built environments will need to 162 be disentangled. Here, we compared classification methods to link residents to their rooms and seems to be that it is able to recover more diversity within the main skin-associated taxa from the 170 phyla Proteobacteria, Fusobacteria, Bacteroidetes, Fusobacteria, and Actinobacteria. It is also able to 171 recover higher importance scores even at the genus level, indicating that is it able to produce more 172 individual-specific sequences within common skin taxa, as the importance score only measures the 173 usefulness in classification between individuals.
174
The high accuracy of classification shows that skin associated samples, in particular bed sheets 
Materials and Methods
Study Design and Sample Collection
We collected personal samples from 37 participants in 28 distinct dorm rooms
189
(Supplementary Table ) . Samples were collected by swabbing a sterile cotton BD-Swube applicator 190 against the dry surface of interest. Sampling kits were given to study participants for self-sampling Protocol (16) . The V4 region of the 16s rRNA gene was targeted with the 515F-806RB primer pair.
206
Sequencing was performed using a Illumina Miseq sequencer with the protocol described in Caporaso 
Sequence Processing
Each method was processed using the default workflows provided in reference papers.
209
UPARSE
210
Demultiplexed sequences were merged using vsearch (18) mitochondrial DNA was removed, and samples were rarefied to 4000 counts per sample.
231
Taxonomic identification
All sequences were taxonomically identified using the same implementation of RDP (20) 
Phylogenetic Trees
Sequences were aligned with the R package MSA(22), using the Muscle(23, 24) algorithm.
235
Phylogenetic trees were then generated using the R package Phangorn(25). The tree was created by 236 neighbor joining, and fitted with GTR model.
237
Data Analysis and Visualization
Data cleaning and shaping was performed using R 3. 
